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 
Abstract — In conventional optimal power flow (OPF), the 
parameters of electrol components (e.g. resistance and thermal 
ratings of the overhead lines) are assumed to be constant despite 
the fact that they are strongly sensitive to the weather effect (e.g. 
temperature or wind speed) which influences the accuracy of 
optimal power flow results. This paper introduces a weather-
based optimal power flow (WB-OPF) algorithm with wind farm 
integration by considering the temperature related resistance and 
the dynamic line rating (DLR) of overhead transmission lines. A 
method of calculating the current-temperature relationship of 
bare overhead lines, given the weather conditions, is presented as 
a set of coupled temperature and power flow equations. A 
simplified general model is proposed to calculate the dynamic 
line rating (DLR) for maximizing the utilization of wind power. A 
Primal-dual Interior Point (PDIP) method is developed to solve 
the WB-OPF problem and the effectiveness of the proposed 
method is evaluated and demonstrated in the paper by two 
example power systems.  
Index Terms— Electro-thermal Coupling, Dynamic Line 
Rating (DLR), Wind generation, weather effects, Weather-Based 
Optimal Power Flow (WB-OPF). 
 
NOMENCLATURE 
Indices and Sets 
i, j Indices. 
k State index (k=0 denotes pre-contingency, 
k>0 denotes post-contingency). 
kc       Index of the most severe contingency. 
 1, , dcndcN  The node set of the DC network. 
C  1, ,c  Set of N-1 outage contingencies including 
both the traditional AC contingencies and 
outage of DC lines. 
MAX MAX{ , }Gj pcciU P P  Set of control variables for Differential 
Evolution (DE) method. 
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P
CS  Set of contingencies that are preventively 
controlled. 
C
CS  Set of contingencies that are correctively 
controlled. 
UCS  Set of contingencies that cause infeasible 
solution. 
kcS  Set of the most severe contingency. 
*
cP  Set of the SCOPF optimal solution. 
Functions 
f, f0 Objective functions of the CSCOPF 
model with and without penalty term 
added. 
0
0 , ,k kh h h  Inequality constraints of the CSCOPF 
model for the base case and post-
contingency short-term, long-term period. 
0
0 , ,k kg g g  Equality constraints of the CSCOPF 
model for the base case and post-
contingency short-term, long-term period. 
Parameters 
sW  Incident solar energy. 
cd  The conductor diameter. 
dciU
 , P  The voltage and power references of the 
droop control strategy. 
MAX
GjP  Upper limits of active power generation 
of the jth unit (MW). 
MAX
pcciP  Upper limits of active power generation 
of the ith converter (MW). 
MAXh  Vector of long-term flow limits. 
MAX
conviS  Maximal apparent power of the ith 
converter. 
MAX
sku   Maximal allowed adjustment variables of 
long-term control actions. 
MAX
kLineFlow  Maximal Line flow during the kth 
contingency. 
  Parameter defining how much the short-
term post-contingency security 
constraints can be temporarily relaxed 
from the permanent limits. 
kcr  Occurring probability of the kcth 
contingency. 
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        Penalty coefficient. 
dcijY  The element of bus admittance matrix Ydc 
of the DC network. 
NP The number of the DE population number. 
D The dimension of the DE parameter 
vectors. 
Variables 
jQ    Heat gain due to resistive line losses ( lossP  [W/m]) 
sQ       Heat absorbed by solar radiation 
cQ       Forced convection heat loss 
rQ       Radiated heat loss 
period. 
I.  INTRODUCTION 
ncread wind power generation has been connected to the 
power systems all over the world. These lead to significant 
challenges for the economical operation of power systems 
with large-scale wind power integration due to the stochastic 
characteristic of the wind speed. The variation nature of wind 
speed will introduce the changing of not only the wind power 
generation, but also the parameters of eletronic components 
(e.g. the resistance and thermal ratings of the overhead lines, 
as these parameters are strongly related to the weather effects, 
such as temperature, wind speed, et al. [1, 2]), which would 
affect allocating the system load power between conventional 
generators and wind-powered ones. Thus, there is a great need 
to incorporate these effects, bringing with the wind power 
integration, into the traditional OPF problem.  
The variations of actual weather conditions will influence 
the resistances and thermal ratings of the system overhead 
lines and then affects the results of power flow and optimal 
power flow (OPF) [1, 2]. For example, the resistance of the 
power system equipment is a strong function of temperature 
and the line thermal rating varies with the weather conditions, 
such as the wind speed and direction, ambient temperature and 
solar radiation. However, traditional optimal power flow 
algorithms neglect the weather effects and take the resistance 
and thermal ratings of transmission lines as constant. These 
negligence will bring with two limitations: (1) some weather-
related error is inherent in the OPF results by using the 
inaccurate resistance value [2]; (2) normally, the Dynamic (or 
real-time) thermal Line Rating (DLR) is higher than the static 
rating most of the time. Experience shows that an average of 
50% extra capacity of overhear lines in favorable locations can 
be safely exploited by using the DLR technique [3]. Thus 
traditional OPF does not exploit the full capabilities of 
existing lines which results in higher cost of the total system. 
To accurately analysis the weather (mainly temperature, wind 
and solar radiation) related effect, this paper presents a 
weather-dependent optimal power flow technique to take 
account of the estimate of branch element weather factors in 
the wind power integrated OPF formulation. 
In common practice, the steady state analysis such as power 
flow, optimal power flow and state estimation assume that the 
resistance of the overhead lines are constant and the 
calculation of system admittance was based on constant 
temperature (normally, the worst-case situation [1, 4]). 
However, the temperature, resistance and losses are 
interrelated and vary significantly in the real operation. 
Without considering the temperature-related variational part of 
resistance will lead to significant errors in loss estimations, 
especially under heavily loaded conditions [2]. To reduce the 
temperature-related error in the power flows analysis, Dr. 
Stephen Frank firstly introduces the temperature dependent 
power flow algorithm which integrates an estimate of branch 
temperatures and resistances with the conventional power flow 
equations [2, 5]. The work of [6] studies the influence of 
changes of the transmission lines resistance due to temperature 
on state estimation performance. The impact of transmission 
line temperature variations, resulting from loading and 
weather conditions changes, on system dynamic performance 
is analyzed in [7]. Although many research have focused on 
the environmental effect on system steady state and dynamic 
response, considering the weather related condition in the 
traditional optimal power flow algorithm with wind farms 
integration is still a blank field till now.  
One of the key challenges faced during integration of wind 
powers with the grid is the spillage of wind energy due to the 
transmission constraints [8]. Many techniques have been 
introduced to minimize the spillage of wind power by using 
FACTs [9] and energy storage devices [10], which, however, 
is mostly cost expensive. The technology of Dynamic Line 
Rating (DLR) has attracted many attentions from the academic 
and industry, especially for maximizing the utilization of wind 
power [11]. Conventional static line rating (fixed 
summer/winter thermal rating) used in OPF is determined 
based on worst case weather assumption for operation. The 
analysis results are generally conservative and expensive. But 
in reality, the real capacity is not static and is a complex 
function of air temperature, solar radiation, local wind and 
actual current et al. [12]. One of the application example using 
the DLR technology is a leading UK distribution network 
which was concerned about network capacity problem when 
offshore and onshore wind farms were connected. Alstom 
Grid successfully alleviates the wind power integration 
problem by using the DLR technology. The trial showed that 
50% or more wind generation could be connected to the grid 
compared to using the fixed summer/winter thermal ratings 
[11]. The work of [13] proposes a new general DLR 
calculation model and based on this, it develops an economic 
optimization simulation model regarding wind power 
integration by using a general DLR calculation model on 
overhead lines. The use of DLR technology will provide the 
true transfer capacity of the grid in real time accounting for 
actual weather conditions and improve the system reliability 
and utilization of the existing system [11]. 
This paper presents a novel treatment of the weather-
dependent optimal power flow algorithm with wind farms 
integration which considers the temperature related resistance 
and the dynamic line rating (DLR) of overhead lines. A 
resistance-weather relationship and calculation modeling of 
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DLR for overhead lines are present in Section II. Section III 
proposes the weather-based optimal power flow model with 
wind farms integration. A Primal-Dual Interior Point (PDIP) 
method is developed to solve the WB-OPF problem. 
Numerical solutions of two case studies using the MATLAB 
are discussed in Section IV. Finally, conclusions are drawn in 
Section V. 
II.  WEATHER-DEPENDENT MODELING OF OVERHEAD LINES  
A.  Resistance-weather relationship of bare overhead 
conductors 
(1) Thermal balance of overhead lines 
Fig. 1 illustrates the thermal balance model of overhead 
lines. The resistance of bare overhead conductors is a function 
of the ambient weather conditions according to the following 
steady state thermal balance equation [12]: 
j s c rQ Q Q Q         (1) 
 
Fig. 1 Thermal balance model of overhead lines 
 
The solar heat gain can be formulated as  
s s cQ W d        (2) 
The radiated heat loss rQ  is nonlinear function of line 
temperature. However, it can be approximated as linear 
function of the conductor temperature rise over ambient [1]: 
4 4( 273) ( 273)
( )
r r c a
r c a
Q A T T
K T T
     
  
   (3) 
Forced convection heat loss can be written as 
( T )c c c aQ K T          (4) 
where 
rK  and cK  are the radiation and convective radiation 
heat transfer coefficients, respectively (equations are given in 
Appendix A). 
Using (3) and (4), (1) can be rewritten as 
( ) ( )loss s c r c c aP W d K K T T         (5) 
Thus, by rearranging (5) 
1
( )c a loss s c
rc
T T P W d
K
         (6) 
Where 
rc r cK K K  is the coefficient of heat loss. 
(2) Resistance equation 
The resistance of metallic conductors varies with the 
conductor temperature according to 
[1 ( )]c a c aR R T T                              (7) 
where  
,c aR R    conductor resistance at temperature andc aT T   
,c aT T    conductor and ambient temperature (
oC ) 
     temperature coefficient 
 
Fig. 2 represents the conductor temperature variation 
against the ambient temperature and wind speed. It shows that 
the wind speed, by changing the coefficient of 
cK , is almost 
linear relationship with the conductor temperature. 
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Fig. 2. Influence of the single parameter variation on the conductor 
temperature Tc 
B.  Calculation modeling of Dynamic Line Rating (DLR) 
In reality, the transmission line rating are varied with: 1) 
current flowing in the conductor; 2) conductor size and 
resistance; 3) ambient weather conditions (temperature, wind 
speed and direction, solar radiation). A simple way to 
calculate the static line rating is based on the worst scenario. 
Engineering recommendation (ER) P27, which can be 
formulated as 
0.52
max
SLR
[1.01 0.0371 ( ) ] [ ( ) ]
SLR
c f SLR SLR
f angle c a
fSLR
d v
k K T T
I
R


 
     
  
(8) 
where  
SLRR    line resistance used in the scenario of SLR 
calculation 
SLRv    wind speed in the SLR calculation 
, ,f f fk   the density, dynamic viscosity and thermal 
conductivity of air 
SLR
angleK   the angle between wind speed and the conductor 
axis in the scenario of SLR calculation 
The Dynamic line rating (DLR) can be computed by using 
a variety of methods: conductor sag and tension monitoring, 
physical modeling and prediction techniques [13]. The 
simplified calculating model of DLR is based on the capacity 
ratio between DLR and SLR, which are given as below [13]: 
max max
DLR SLR
v TI I          (9) 
where 
v  and T  are the ratios related to the wind speed and 
temperature, respectively. 
Fig. 3 shows the dynamic line rating varies with the wind 
speed and ambient temperature. The current rating reaches 
maximum when wind speed is 10m/s and the temperature is 
20
oC . Normally, when the wind speed is higher, the ambient 
temperature is lower, thus more wind powers can be 
transferred by using the modeling of dynamic line rating. 
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Fig. 3. Dynamic current rating versus wind speed and ambient temperature 
III.  FORMULATION OF THE WEATHER-BASED OPF PROBLEM 
WITH WIND FARMS INTEGRATION 
A.  Weather-Based OPF Formulation 
To incorporate the weather condition into the traditional 
OPF problem with wind farm integration, the following 
modifications should be made: 
1) the addition of branch temperatures to the vectors of 
system state variables; 
2) the construction of a set of mismatch equations for 
thermal balance equations of overhead lines; 
3) the incorporation of dynamic line rating model in the 
transmission line constraints; 
4) the addition of wind generation cost to the objective 
functions; 
5) the modeling of interdependence of temperature and 
the system via an augmented Jacobian and Hession 
matrix. 
Fig. 4 shows a representation model of the weather-based 
OPF incorporating the wind farms which explains the state 
vectors and interactions of each module. 
 
Weather-dependent OPF
Electro-thermal model of 
over-head lines (6), (7)
Traditional OPF (16) (17)
State vector: T
State vectors: θ, V
lossP
State vector: T
Dynamic Line 
Rating Model 
(9)
Weather Datas:Wind 
speed; Ambient 
temperature;Solar
Measurement
Wind 
Generation Cost 
Model (12)
 
 
Fig. 4. Illustration of Weather-Based OPF model incorporation of Wind 
energy 
 
Mathematically, the OPF can be stated as the following 
constrained nonlinear optimization problem [17]:  
Minimize   min ( )f y         (10) 
Subject to   ( ) 0; ( ) 0;     y y y y yh g   (11) 
where min ( )f   is the objective function; the vector of y is 
the optimization variables which include the state variables x 
and control variables u. The lower and upper limits of y are 
represented by y  and y , respectively. ( )yh  represents a set of 
equality constraints which includes both the nonlinear power 
flow mismatch equations and control equations. ( )yg  is a set 
of inequality constraint functions to avoid the violation of the 
system limits.  
B.  Wind Generation Cost Model 
The optimal schedule of wind farms output are highly 
dependent on the accuracy of wind power forecast 
technologies. However, the current forecast error from day-
ahead point prediction technique can be as high as 25%~40% 
[14]. Therefore, it is necessary to include the forecast 
uncertainty into the objective cost function of OPF model. 
The actual available wind power generation Avai
Wind
P  is a 
random variable which can hardly be predicted accurately. 
The probability density function (PDF) of AvaiWindP  (or forecast 
error, forecast error = AvaiWindP -forecast value) is a conditional 
probability function with respect to the forecast value [15]. Fig. 
5 shows the distribution of wind power output AvaiWindP  for a 
forecast value range [0.20, 0.24] by using the versatile 
probability distribution model in [15].  
The integration of wind farms will introduce two types of 
generation cost: 1) wind spillage opportunity cost (green area 
in Fig. 5). Although there is no fuel cost for wind energy, the 
construction and operation of wind farms will introduce the 
initial investment and the maintenance costs, no matter 
whether the wind power is scheduled or not [16]. Thus wind 
power spillage, which refers to the amount of the unused wind 
power production ( Avai ScheWind WindP P ), will add extra opportunity 
cost to the objective function; 2) Reserve cost (red area in Fig. 
5). When AvaiWindP  is larger than
Sche
Wind
P , it will bring with extra 
reserve cost. Thus the expected wind generation cost can be 
defined as 
 
( ) ( ) z(x)dx ( ) (x)dxrC x x z    
Rated Rated
Wind Wind
Sche Sche
Wind Wind
P P
Sche Sche Sche
Wind Wind Wind
P P
P P Pwc c
 (12) 
Where 
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1
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n
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Wind wind
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w
c  (13) 
 
IC  initial investment 
design
Wind
CF  capacity factor 
rated
wind
P  rated wind power  
D  discount rate 
m  annual maintenance cost function 
n  life time of plant 
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Fig. 5 Probabilistic distribution of wind power output for a given forecast 
value 
 
Sche
Wind
P  the set of scheduled active power output of wind 
farms; 
Rated
Wind
P  Rated active power output of wind farms; 
w
c  opportunity cost coefficient of wind power 
spillage, relating to under-forecasting of wind 
generated electricity [16]; 
rc  reserve cost coefficient, relating to over-
forecasting of wind generated electricity; 
z the probability distribution function (PDF) of 
wind power output AvaiWindP ; 
C.  Objective Function with Wind Generation 
The main goal of objective function of the WB-OPF model 
with wind farms integration is to minimize the generation cost 
of the whole grid, meanwhile, reduce the opportunity cost and 
reserve cost of wind power. Hence the objective function can 
be written as 
min ( ) ( ) ( )gf C C  
Sche
G G Wind
P P P     (14) 
 
Where  
2 1 0( )g g g gC c c c  
2
G G G
P P P      (15) 
 
gC  cost function for the conventional generators 
C  penalty cost function for wind power forecasting 
error. 
G
P  the set of scheduled active power output of 
generators; 
2 1 0, ,g g gc c c   are the cost coefficients of generators. 
It should be noted that the quantification of the wind 
generation cost is a complex process. Wind energy as a clean 
and environment-friendly technology will bring with social 
benefit, which are not include in the analysis. 
D.  Equality and Inequality Constraints 
The equality constraints of WB-OPF include the 
conventional power flow mismatch equations and electro-
thermal coupling constrains which can be formulated as 
follows: 
 
1
( , , )
( )cos( ) ( )sin( )
i i i
a
i Gi Wi Li
i GN i GW i LN
N
i j ij ij i j ij ij i j
j
P P P P
VV G T B T i   
  

  
       
  
 ac
δ V T
N
(16) 
1
( , , )
( )sin( ) ( )cos( )
i i i
a
i Gi Ci Li
j GN j CN j LN
N
i j ij ij i j ij ij i j
j
Q Q Q Q
VV G T B T i   
  

  
       
  
 ac
δ V T
N
(17) 
2 2
,
( , , )
1
( ) ( ) 2 ( ) cos( )
,
ij ij
a ij ij i j ij ij i j i j
rc ij
H T
T G T V V G T VV
K
i j
 
 
  
         
  
 
ac
δ V T
N
(18) 
,min ,maxGi Gi GiP P P        (19) 
,min
Sche Rated
Wi Wind WindP P P       (20) 
,maxWiI I          (21) 
ij,maxijT T          (22) 
,min ,maxGi Gi GiQ Q Q       (23) 
 
where 
ijG  and ijB  are the mutual (or self when i=j) 
conductance and mutual (or self when i=j) susceptance, 
respectively.
 ij
T  and ij,maxT  are the conductor temperature and 
temperature limit of line i-j, respectively; 
,rc ijK  is the heat loss 
coefficient of line i-j. ,maxWiI is the branch thermal rating (static 
or dynamic). 
Note that the optimization variables of the WB-OPF are 
 , , , ,T G Gx U T P Q . Where, U  is the bus voltage 
magnitude state variable vector,   bus voltage angle state 
variable vector,   conductor temperature state variable vector, 
G
P
 
active power generation control vector, GQ  
reactive 
power generation control vector, respectively.  
To include the temperature related components in the WB-
OPF algorithm, the Jacobian and Hessian matrices need to be 
modified accordingly. Modification of the Jacobian and 
Hessian matrix is to add one state variable (temperature T) per 
overhear line, one sets of equality constraints (Equation 18) 
and one sets of inequality constraints (Equation 22). 
IV.  CASE STUDIES 
In this section, the WB-OPF algorithm is verified by use of 
a modified IEEE 9 node system and the New England 
transmission grid which are available in MATPOWER [17]. 
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The two test systems have 9 and 46 branches respectively, 
however lossless branches (these with zero resistance) are 
excluded from the weather related analysis. All tests have 
been performed on a PC Intel Core i5-3470, 3.2-GHz, 4.00GB 
RAM.  
To facilitate the algorithm stability and improve the 
converge process, the WB-OPF algorithm is initialized from a 
warm start. A temperature dependent power flow (TD-PF) 
algorithm proposed in [2] is adopted to calculate the WB-OPF 
initial value of voltage magnitude, angle and overhead line 
temperature.  
A.  Modified IEEE 9 node system integrated with a Wind Farm  
1) Weather based Optimal Power Flow Results  
The configuration of modified IEEE 9 bus system is shown 
in Fig. 6. All conductors are considered as hard-drawn 
aluminum with temperature coefficient   equals to 0.3951 
and all conductors are initialized at a uniform ambient 
temperature. The maximum branch flow limit is set to be 100 
MVA (the dynamic line rating is not considered in this test).  
To allow comparison with traditional OPF problem, all the 
generators are assumed as thermal power generators and the 
generation cost coefficients 
2 1 0, ,g g gc c c   are the same with the 
OPF in MATPOWER [17].  The primal-dual interior point 
(PDIP) method [17] is used to solve the WB-OPF problem and 
the algorithm converged successfully for all the test cases. 
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Fig. 6. Modified IEEE 9 node system 
 
 
TABLE I 
IMPACT OF TEMPERATURE ESTIMATION ON OPF RESULTS 
 
 OPF WB-OPF 
Gen. Cost ($/hr) 5327.0 5290.7 
PW1 (MW) 97.28 89.85 
PG2 (MW) 119.94 134.31 
PG3 (MW) 100.90 94.17 
Total losses 
(MW) 
3.1159 3.06518 
 
 
 
 
Table II 
DETAILED BRANCH RESULTS FOR MODIFIED IEEE 9 NODE TEST SYSTEM 
 
 
Branch 
 
Power Flow 
(MVA) 
 
Loading 
 
Loss(kW) 
Resistance (p.u.) Temperature (℃) 
OPF WB-
OPF 
Change Ambient 
(Ta) 
Conductor 
(Tij) 
Change 
1-4 90.7887 36.32% 0.00 0.0000 0.0000 0.00% 5.00 -* - 
4-5 37.9005 15.16% 165.1 0.0170 0.0157 7.75% 5.00 5.38 7.6% 
5-6 60.2024 40.13% 940.9 0.0390 0.0363 6.87% 5.00 7.60 52.0% 
3-6 98.0557 32.69% 0.00 0.0000 0.0000 0.00% 5.00 - - 
6-7 42.5446 28.36% 137.9 0.0119 0.0110 7.40% 5.00 6.26 25.2% 
7-8 64.3119 25.72% 258.0 0.0085 0.0079 7.43% 5.00 6.19 23.8% 
8-2 134.6352 53.85% 0.00 0.0000 0.0000 0.00% 5.00 - - 
8-9 74.5415 29.82% 129.3 0.0320 0.0297 7.28% 5.00 6.58 31.6% 
9-4 62.8247 25.13% 270.2 0.0100 0.0093 7.48% 5.00 6.06 21.2% 
* Lossless branches are excluded from the weather related analysis 
 
Table I shows the results of impact of temperature 
estimation on total system generation cost and branch losses 
(wind speed is set to constant 6m/s and ambient temperature 
equals 5 oC ). It can be seen that inclusion of weather effect 
will influence the estimate of total system losses and decrease 
the generation cost by between one and two percent. The 
detailed branch flow, resistance and loss data for the modified 
IEEE 9 bus system are present in Table II. The differences in 
calculated conductor temperature are most pronounced for 
heavily loaded lines, for example, line 5-6 with 40.13% 
loading. The maximum increase in an individual branch 
resistance is 7.75% for line 4-5. 
Fig. 7 and Fig. 8 display the relationship of generation cost 
and total system losses with ambient temperature and wind 
speed, respectively. The system losses and generation cost will 
increase in proportion to the ambient temperature, and 
decrease with more wind power injected into grid. As higher 
ambient temperature and lower wind speed will lead to 
increasing of branch resistance according to (1) and (7) which 
promoting the system losses and generation cost. 
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Fig. 7 Generation cost and system losses versus ambient temperature (wind 
speed = 6m/s) 
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Fig. 8 Generation cost and system losses versus wind speed (ambient 
temperature = 25 ) 
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Fig. 9 Wind generation cost  versus scheduled wind power for 
different wind forecast value 
 
2) WB-OPF with wind farm integration  
To analysis the impact of wind farm integration, the 
traditional generator G1 is replaced by one wind farm (WF1). 
The parameters of wind farm are shown in Table V, Appendix 
B. The cost coefficient of wind generated electricity 
w
c  is 
obtained from (13) as 40 $ / MWh and the reserve cost 
coefficient 
rc  is set to 3 $ / MWh . The proposed WB-OPF 
algorithm converged successfully for all test cases. 
Fig. 9 shows the versatile PDF of wind power output and 
the variations of wind generation cost calculated by (12) with 
different scheduled wind power Sche
Wind
P  for forecast value equal 
0.21, 0.53 and 0.82. It is found that the point of minimum 
wind generation cost almost near the forecast value. 
Table III shows the WB-OPF results with different wind 
power forecast value. With the increasing of wind forecast 
value, the WB-OPF solution is scheduling more powers for 
wind plant at WF 1. As the generation cost of wind power are 
comparatively lower compared with thermal generators. Thus, 
the total generation cost are substantial decreasing by 73.3% 
with the increased scheduled wind powers. 
Comparison results with and without dynamic line rating 
are illustrated in Fig. 10. The dynamic line rating of overhead 
lines 4-5 in IEEE 9 bus system (black solid line) are increasing 
with the wind speed. Simulation results show that the DLR 
technique can help increase the transfer limits of overhead 
lines by approximately 50%. It can decrease the generation 
cost (black line shadow saving area) by 69.8% and reduce the 
wind power spillage (red line shadow area) by 35% which can 
maximize the utilization of green energy.  
TABLE III 
WB-OPF RESULTS WITH DIFFERENT FORECAST VALUE 
 
Wind 
forecast 
value (p.u.) 
PG2 
(MW) 
PG3 
(MW) 
PW1 
(MW) 
Wind 
gen. cost 
($/hr) 
Total Gen. 
cost 
 ($/hr) 
0.04 
183.6 128.5 10 10.7 6182.6 
0.3 
141.8 99.39 77.5 48.6 4172.6 
0.6 
95.28 67.05 155.0 26.8 2465.5 
0.9 
63.39 44.87 227.5 5.3 1649.4 
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Fig. 10 Comparison results with and without dynamic line rating 
B.  New England 39 bus test system 
The modified New England 39 bus system is used to test the 
proposed algorithm. This system has 10 units, 46 branches, 
and 39 buses. The traditional generator G1, G2, G3 are 
replaced by three wind farms (WF1, WF2, and WF3).  
The primal-dual interior point (PDIP) method [17] is used 
to solve the WB-OPF problem and the algorithm converged 
successfully. The computation results of the OPF, WB-OPF 
and TD-PF [2] are compared in Table IV. It can be seen that 
inclusion of weather effect will change the estimate of total 
oC
( )C Sche
Wind
P
 8 
system losses, generation cost and improve the estimation 
accuracy of branch resistances and losses. 
 
TABLE IV RESULTS OF THE WB-OPF ALGORITHM 
 
 OPF WB-OPF TD-PF* 
Gen. Cost 
($/hr) 
41864.18 41884.47 - 
PW1 (MW) 671.59 675.62 250.00 
PW2 (MW) 646.00 626.00 679.18 
PW3 (MW) 671.16 673.66 650.00 
Total losses 
(MW) 
43.60 45.04 44.95 
*Temperature dependent power flow in [2] 
V.  PRACTICAL IMPLEMENT CONSIDERATIONS 
The implementation of WB-OPF algorithm in practice 
needs that the weather condition (e.g. wind speed, ambient 
temperature and solar radiation) throughout the power grid can 
be obtained through sensors in real time operation or be 
predicted by weather forecast model in day ahead 
implementation which are shown in Fig. 11.  
The real-time implementation of WB-OPF requires high 
resolutions and wide-area measurement of the ambient 
weather condition across the system. However, in the lack of 
detailed wide-are sensor data, several weather zones around 
the available sensor points can be created to approximate the 
ambient weather [2]. 
The proposed method is a centralized WB-OPF algorithm. 
So the high-speed communication technology is a big issue 
that counteracts its real-time application. However, 
communication technology is developed at a very fast rate and 
a wide-area communication system is possible in the future. 
 
Fig. 11 Illustration of WB-OPF practical implement  
 
VI.  CONCLUSION 
Traditional computation of optimal power flow neglects the 
electro-thermal coupling of overhead lines. The paper 
proposes a weather-based OPF model with wind farm 
integration by considering the temperature related resistance 
and the dynamic line rating (DLR) of overhead transmission 
lines. This WB-OPF formulation was successfully applied to 
two examples. Simulation results of implementing the WB-
OPF demonstrated that  
 
(1) The resulting of WB-OPF algorithm can improve 
estimation accuracy of branch resistances and losses 
compared with traditional OPF. Furthermore, it can 
potentially reduce the total generation costs. 
(2)Weather-based OPF by using Dynamic Line Rating 
(DLR) helps to manage and optimize power generation 
according to the actual dynamic or real time thermal 
rating of the overhead lines by taking account the 
weather conditions.  
(3)The DLR technique can maximize the usable capacity of 
overhead line assets dramatically, avoid upgrading or 
replacing existing transmission lines (saving significant 
capital investment) and can potentially reduce the wind 
power spillage. 
 
The proposed method could also be used to analysis 
weather dependent distributed generation such as wind power 
and PV, together with more advanced integrated techniques in 
power systems motivates models that consider weather. 
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APPENDIX A 
The equations of radiation and convective radiation heat 
transfer coefficients are: 
0.52( T )[1.01 0.371( ) ]
f w
c f c a
f
D V
K K k T


     (24)
4 4
4
( 273) ( 273)
0.318
100
c a
r
T T
K D
  
    (25) 
where 1.194 cos( ) 0.194cos(2 ) 0.368sin(2 )K        is a 
term that accounts for the angle   between the wind direction 
and conductor axis, 
The equations of 
v  and T  are expressed as: 
0.26 0.26
0.04
0.04 0.3
0.26
max
1
0.566
v
w SLR
f
fSLR
v v
D v
v










 
    
 
    (26) 
c a
T SLR
c A
T T
T T




       (27) 
where 0.028D   0.5SLRv   35
SLR
AT   
APPENDIX B 
TABLE V THE PARAMETERS OF WIND TURBINE 
 
IC  
design
Wind
CF  
rated
wind
P  D  m  n  
$550000 0.25 600KW 0.05 0.035 20  
years                                       
 
